Abstract. This study shows theoretically and empirically that exposure to advertising increases consumers' tendency to purchase the promoted product because the informative content of advertising resolves some of the uncertainty that the risk averse consumers face and thus reduces the risk associated with the product. We call this effect the "risk-reduction" role of advertising. The risk-reduction model implies that advertising effectiveness depends on (a) the risk preference parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer with the product, (d) the consumer's sensitivity to products' attributes (and thus, her involvement level with the product), and (e) the diversity of products offered by multiproduct firms. These findings suggest that ads spending should be higher (a) for new and relatively unknown products, (b) for high-involvement products, (c) when ads can be quite precise, and (d) when the firm offers a diverse product-line. It also implies that ads should target consumers (a) who are more sensitive to risk, (b) who are more involved, and (c) those who are not familiar with the promoted product.
Introduction
This study shows theoretically and empirically that exposure to advertising increases consumers' tendency to purchase the promoted product because the informative content of advertising resolves some of the uncertainty that the risk averse consumers face and thus reduces the risk associated with the product. We call this effect the "risk-reduction" role of advertising. The risk-reduction model implies that advertising effectiveness depends on (a) the risk preference parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer with the product, (d) the diversity of products offered by multiproduct 1 We consider a consumer who is highly (lowly) sensitive to products' attributes as high-involvement (lowinvolvement) consumer. The consequences on the utility of a consumer's decision are a direct function of her sensitivity to products' attributes. These consequences are significant (insignificant) for a consumer who is highly (lowly) sensitive to products' attributes. Thus, a consumer who is highly (lowly) sensitive to products' attributes is usually a high-involvement (low-involvement) consumer. This terminology is consistent with previous studies (for example, Miniard et al., 1991) and with the definition of the AMA dictionary. In any case, in this study, the degree of involvement is just an interpretation of consumers' sensitivity to products' attributes. 2 For example, Nevo (2000) , Tellis, Chandy, and Thaivanich (2000) , and Erdem and Sun (2002) .
by each firm. We show that when consumers are risk averse, exposure to advertising increases their tendency to purchase the promoted product because the informative content of advertising resolves some of the uncertainty and thus reduces the risk associated with the product. In the model, we include ads not only as an element in the information set, but also allow it to have a direct effect on the utility function. This means that the model accounts for alternative effects of advertising.
We show that the risk-reduction effect of advertising has a unique structure. As mentioned above, the effectiveness of advertising (through the risk-reduction avenue) is a function of (a) the risk preference parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer with the product, (d) the consumer's involvement level with the product, and (e) the diversity of products offered by multiproduct firms. In Section 2.6 we discuss the intuition behind each of these factors. For example, when a consumer faces a high-involvement product, the risk associated with the decision is high and thus the risk-reduction role of advertising is large.
Because of its unique structure and characteristics, the risk-reduction role of advertising can be distinguished empirically from the standard direct effect of ads on the utility.
The model is structurally estimated using a unique data set on television viewing choices. Accounting for the cost of leisure in consumption, television shows are clearly one of the most important consumption products. Furthermore, this data set enables us to overcome the well-known endogeneity problem of advertising exposure, as discussed in Section 4.4. An additional advantage of our empirical example is that the price of watching a television show is not product-specific. This feature is an advantage over other products, since it is occasionally difficult to track the different prices that consumers face with respect to each of the products: prices differ by firms, over time, and across consumers (through coupon schemes). Finally, almost all the commercials for television shows appear on TV. This enables us to create a comprehensive dataset of exposures to advertisements. 3 The data is presented in Section 3.
The structural estimation results (presented in Section 5) are clear: consumers are risk averse and the risk-reduction effect is significant and strong. As a result of exposure to the first ad, the average increase in the market share (via the risk-reduction effect alone) is 2.7 percentage points (which is an increase of 53.3%). On the other hand, advertising has a negligible direct effect on their utility: the average increase in the market share (via this avenue) is just 0.08 percentage points (1.5%). These results, that the risk-reduction role is strong and the direct effect is weak, are robust to various specifications of the model. Furthermore, in Section 5.4 we show that ignoring the risk-reduction role of advertising might lead to misleading implications.
As discussed above, the scholarly interest in the avenues through-which advertising affects choices has at least two major reasons: (1) it is critical in constructing optimal marketing strategies, and (2) it has welfare implications. The model sheds some light on these two issues.
The risk-reduction role of advertising has significant managerial implications. Advertising strategies are determined based on ad effectiveness. Specifically, two of the most important decisions of ad agencies depend on ad effectiveness-ads spending and audience targeting. Our model suggests that ads spending should be higher (a) for new and relatively unknown products, (b) for high-involvement products, (c) when ads can be quite precise, and (d) when the firm offers a diverse product-line. It can also assist targeting strategies. Ads should target consumers (a) who are more sensitive to risk-for example, women versus men (see Palsson, 1996; Jianakoplos and Bernasek, 1998), (b) who are more sensitive to products' attributes (and thus more involved), and (c) those who are not familiar with the promoted product.
The welfare implications of the model are quite straightforward. The concern that ads can create wants and change and distort tastes has little support in our empirical example, since we find that advertising has a negligible direct effect on consumers' utility. Furthermore, instead of having these negative aspects, advertising in our model informs consumers about product attributes and as a result reduces the undesirable tension that is associated with uncertainty.
Related literature
The combination of informative advertising and risk averse consumers was already presented by Erdem and Keane (1996) . They observed that "the higher the advertising frequency, the higher the brand choice probability". However, unlike our model, they did not allow ads to have a direct effect on the utility. A model that assumes away the direct effect of advertising on the utility risks mistakenly detecting that ads are informative and consumers are risk averse (i.e., the risk-reduction effect). Suppose that the individuals are risk-neutral, and ads have a direct effect on the utility but they are not informative. The only way for the misspecified model to account for the positive direct effect of advertising is by attributing it to the interaction of informative ads with risk aversion in preferences, thus leading to a spurious finding of the risk-reduction effect. Furthermore, there are additional differences between Erdem and Keane (1996) and our study. We also (a) demonstrate how one can distinguish (empirically) between these seemingly similar effects of advertising, and (b) show that the suggested model has novel implications about advertising strategies.
The combination of informative advertising and direct effect of ads on the utility was already presented by Anand and Shachar (2001) . They demonstrate empirically that advertising improves the match between consumers and products. Furthermore, they show that informative advertising might have either a positive or a negative effect on the purchasing probability. 4 They also found that advertising has a direct positive effect on the utility. We show that this finding is due to their restrictive assumption that consumers are risk-neutral. Our study, which is based on the same data, extends the empirical model of Anand and Shachar (2001) for the case of general risk preferences. Our results confirm their findings about the informative role of advertising. However, at the same time, we find that consumers are risk averse and the direct effect on the utility is negligible.
Our study is also related to Ackerberg (2003) . Both studies distinguish between the direct and indirect effects of advertising, and both rely on the relationship between familiarity and ad effectiveness as a source of identification. However, there are several significant differences between his approach and ours. First, the indirect effect is quite different in the two studies. According to the signaling theory, people tend to buy products for which they have seen many ads because the perceived quality of these products is higher. According to the risk-reduction model, people tend to buy products for which they have seen many ads because the perceived risk of these products is lower. These differences are closely related to the fact that the risk-reduction model and the signaling theory focus on different types of products and ads. While the first applies to search goods, the second is relevant for experience goods. For search goods, ads content can credibly convey information on products' attributes (i.e., "this automobile has 200 horse powers"). However, for experience goods, experience is required in order to acquire information about the utility, and ads' content cannot credibly convey information about product quality. Thus, according to Nelson (1974) , ad intensity (not ad content) serves as a signal about the quality of the product. Furthermore, in Section 5.5 we show that the relationship between advertising intensity and product quality in our data is not consistent with the signaling mechanism of informative advertising. This allows us to rule out the signaling hypothesis for our empirical example. Second, unlike in Ackerberg (2003) , variation in familiarity is not the only source of identification in our set-up. Our additional sources of identification are variation in involvement across consumers, and variation in the line of products across firms. Thus, our approach allows to distinguish between the direct effect and the informative effect even if there is no variation in familiarity. Furthermore, we use a somewhat different source of heterogeneity in familiarity for identification. As demonstrated by Shachar and Anand (1998) , the informative role of advertising can be identified using variation in familiarity across products. Ackerberg (2003) used variation in familiarity across consumers, rather than across products. We combine the two approaches and use variation across both products and consumers.
This paper is structured as follows. In Section 2, we present the model and discuss the model implications that allow for empirical identification. In Section 3, we present the dataset. In Section 4, we specify the details of the empirical model, and outline the identification scheme. Section 5 summarizes the findings. Section 6 concludes and presents managerial implications.
The model
We start by describing the setting of the model, the utility function, and the information set of the individual. Then, we present several implications of the model that demonstrate the risk-reduction role of advertising. These unique implications enable us to empirically distinguish between the direct effect of ads on the utility and the risk-reduction effect.
The key ingredients of the model and its implications are not industry-specific. However, applying the model to the television example requires accounting for the specificity of viewing behavior. Thus, in order to make the presentation clear, we describe the model in the context of the empirical example.
The example is on television viewing choices in the US for the week that starts on November 6, 1995. At that time there were 4 major television networks: ABC, CBS, NBC and FOX. We focus on prime-time shows (Monday through Friday, 8:00-10:00 PM). Our data, presented in Section 3, consists of (a) individual level panel of choices, (b) individuals' characteristics, (c) individuals' exposure to advertising, and (d) products' attributes. We observe choices for every 15 minutes. Thus, for each individual we observe 40 viewing choices. Notice that in this example, the products are television shows, an ad for a product is usually referred to as a 'promo', and a period is termed a 'time slot'.
The setup
The timing and information structure of the model are tailored for our empirical example of television viewing. In particular, there are J firms (the 4 leading television networks in the empirical example) in the market, and T periods (40 quarter hour time slots during prime time). In period t each firm offers one product (airs a television show). Each product is offered for several consecutive periods (2 to 8 time slots in the empirical example), after that the firm switches to its next product.
There are I individuals who are indexed by i. They face J + 1 mutually exclusive and exhaustive alternatives, corresponding to: (0) Outside, (1) ABC, (2) CBS, (3) NBC, and (4) FOX. In each period t, individual i makes a choice, C i,t , from among these J + 1 options indexed by j. Thus, C i,t = j when individual i chooses alternative j at time t.
The utility
2.2.1. The utility from watching network television. The utility of individual i from the product offered by firm j in period t is:
The element x j,t β i + η j,t represents the match between the observed product attributes, x j,t , and the individual's preferences, β i . The variable x j,t is a K -dimensional row-vector, and the parameter β i is a K -dimensional vector. The parameter vector β i is a function of observed and unobserved individual characteristics. The parameter η j,t can be thought of as the mean (across individuals) of the unobserved interactions between products' attributes and consumers' tastes.
5 Henceforth, we will denote the element x j,t β i + η j,t by z i, j,t , and refer to it as "attribute utility" (since it captures the match between product attributes and individual preferences). The curvature of V (·) captures the individual risk preferences.
The second term ρ i (N a i, j,t ) captures the direct effect of advertising on the utility, where the variable N a i, j,t is the number of advertisements that individual i was exposed to with respect to the show aired by network j at time t. The direct effect was termed 'persuasive' by Grossman and Shapiro (1984) . Although there might be other interpretations for this effect, we would refer to it as 'persuasive' for simplicity of the presentation. The persuasive effect of advertising implies that exposing the individual to N a i, j,t ads for product j, t directly increases her utility from that product (i.e.,
The third term δ i, j,t I {C i,t−1 = j} captures behavioral state-dependence, i.e. the utility from the alternatives available in the current period t may depend on the individual's choice in the previous period. The indicator function I {·} is equal to one if the individual purchased the product offered by firm j in the previous period, and to zero otherwise. The parameter δ i, j,t is a function of observable and unobservable individual characteristics, product attributes, and time. There are various sources for state dependence: habit persistence, switching costs, asymmetric information and search costs (Moshkin and Shachar, 2002) , and learning (from past experiences) that reduces uncertainty (Erdem, 1998) . Previous studies of television viewing choices find strong evidence of state dependence even when unobserved heterogeneity is accounted for. 6 The last three terms in the utility (α i, j , ν i, j,t and ε i, j,t ) are unobserved by the researcher. The parameter α i, j represents an unobserved network-individual match. It is common to all the products offered by firm j. The random variable ν i, j,t represents the show-individual random effect, common to all the time slots of a show, but independent across shows and individuals. Since α i, j and ν i, j,t are unobserved by the researcher, ignoring them can bias the estimates of the state dependence parameters δ i, j,t (Heckman, 1981) . The random variable ε i, j,t captures transitory effects, assumed to be independent across time periods, products and individuals. Notice that ν i, j,t does not change during the duration of a show, while ε i, j,t does.
2.2.2.
The utility from the outside alternative. The outside utility is a function of the individual's characteristics and state dependence. Specifically, it is:
where γ i is allowed to depend on the observable and unobservable individual characteristics. The term δ i,0,t I {C i,t−1 = 0} captures behavioral state-dependence. The transitory random term ε i,0,t is i.i.d. across time periods and individuals.
Information set
We assume that the consumers do not have perfect information on the product attributes (x j,t , η j,t ), and therefore they face uncertainty about the actual "attribute utility" z i, j,t = x j,t β i + η j,t . A priori, the assumption of imperfect information seems appropriate for most consumer goods, due to substantial product differentiation, large number (and rapid introduction) of brands and products, as well as cognitive limitations or costs of verifying or remembering product characteristics. For illustration, although the data in our empirical example span only 10 hours of prime-time television (5 days and 2 hours a day), the 4 leading television networks alone offered (in this time frame) 53 different products. Thus, imperfect information and reliance on different sources of information could be essential in our empirical example. In the empirical study we test this hypothesis (i.e., the model nests perfect information as a special testable case). A consumer's information set includes (a) a prior distribution of products' attributes, and (b) product-specific signals such as advertising and word-of-mouth.
2.3.1. The prior distribution. In many markets, multi-product firms tend to specialize in products with a distinctive set of characteristics. Consumers are usually aware of the specialization of each of the firms. The "profile" of the multi-product firms can convey useful information to a consumer facing uncertainty about product characteristics. For example, knowing that a particular car is a Toyota can be helpful in inferring reliability. Indeed, Anand and Shachar (2004) demonstrate, using the same data set as we use, that the profiles of the multi-product firms are an important element in the information set of consumers. We follow their formulation and assume that both η j,t and x j,t follow a normal distribution, and thus the prior distribution of individual i on z i, j,t is:
where ς p i, j is the precision (reciprocal of the variance) of the prior distribution, and by definition, 
and where ς i, j,t,k is the precision of each signal.
Miscellaneous signals.
Even an individual who was not exposed to any ads has some information about products. Her knowledge is based on various sources such as wordof-mouth or media coverage. In the case of television shows, the viewer can also obtain information from the schedule published in the newspapers or from watching previous episodes of the same show.
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We lump all these sources of information under the title "miscellaneous signals". Since we do not observe the number of miscellaneous signals received by each individual, we normalize this number to be one. However, we allow the precisions of these signals (denoted by ς m i, j ) to vary across individuals and firms. 9 This means that some people could be better informed than others, and the products of some brands could be more familiar than others.
The extreme case of
= 0 corresponds to perfect information on product characteristics.
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Advertising. We formulate ads as noisy signals with precision ς a . The noisiness of advertising is well-documented. 11 We assume that the ad signals are independent for two reasons: (1) firms occasionally use different advertisements for the same product; (2) different exposures to the same advertisement can lead to different impressions. The independence assumption does not affect our qualitative results.
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The effect of advertisements through the information set is determined by ς a . If ς a = 0, then advertisements are too noisy to convey any information about product attributes, i.e. advertising exposures have no effect on the information set of the consumer. On the other hand, when ς a > 0, each advertising exposure affects the information set. Thus, ς a is one of the parameters of interest in the empirical study.
Experience.
A feature unique to our data set is that each product is being consumed over several consecutive periods. Since the product characteristics (x j,t , η j,t ) do not vary across these periods, the individual's perception of the product attributes becomes more accurate while consuming it. Formally, each consumption period provides the individual with an additional "experience signal" with a precision ς e . Let N e i, j,t represent the number of periods that individual i watched the current show on network j prior to period t. 
The posterior "attribute utility"
The posterior "attribute utility" depends on the realizations of all the signals, S i, j,t,k . It is equal to (see DeGroot, 1989) :
where
and where ω i, j,t is a standard normal deviate, independent across products and individuals, but serially correlated within the time periods of each product.
14 The intuition of this equation is the following. If the individual does not receive any product specific signal then θ i, j,t = ϑ i, j,t = 0 and the posterior "attribute utility" is simply the mean of the prior, µ i, j . When she gets such signals, she updates her prior based on the signals. The researcher does not observe the realizations of the signals, but unlike the individual the researcher observes the product attributes and thus z i, j,t . The update of the prior (on average) is toward the actual "attribute utility", z i, j,t which is the expected value of the signals. The magnitude of the update is an increasing function of both the precision and the number of the product specific signals. The last element in equation (6) = 0), we get that (1 − θ i, j,t ) = ϑ i, j,t = 0, and the posterior mean, µ p i, j,t , is equal to the actual "attribute utility", z i, j,t . The informative role of advertising expresses itself through equations (6)-(8). As N a i, j,t increases, (1 − θ i, j,t ) and ϑ i, j,t decrease, and as a result the posterior "attribute utility" is (on average) closer to z i, j,t , while the variance of the error term in the posterior declines toward zero. The magnitude of these changes depends on the precision of the advertising signals, ς a . While this effect was already pointed out by Anand and Shachar (2001) , this model presents an additional role for advertising, presented in the following sub-section. 13 No experience signals are observed for the alternatives not chosen in the current period. The signals are independent across individuals, products and time periods. 14 This correlation arises due to our specification that the same realization of advertising and miscellaneous signals applies to all the time periods of the product, and due to the accumulation of experience signals.
The posterior variance of the "attribute utility"
The expected utility of a risk averse individual is not only a function of the posterior mean of the "attribute utility", µ p i, j,t , but also a function of its posterior variance, denoted by σ
. The posterior variance of the "attribute utility" is:
It is a decreasing function of N a i, j,t . If consumers are risk-neutral, then their expected utility does not depend on σ 2 i, j,t . However, if they are risk-averse, exposure to advertising has another effect on their expected utility: as N a i, j,t increases, σ 2 i, j,t decreases and the expected utility increases. This is the risk-reduction role of advertising. The following sub-sections describe this effect and its implications.
The risk reduction role of advertising (theory)
The following derivative summarizes the three effects that exposure to advertising has on the expected utility (and hence on choices).
The first effect,
, was already introduced by Anand and Shachar (2001) . They have demonstrated that this effect can be either positive or negative. More specifically, the sign of the first element depends on the sign of (z i, j,t − µ i, j ).
The last effect,
, captures the traditional role of advertising. That is, exposure to advertising increases the tendency to purchase the product by directly increasing the utility from the product. The contribution to the utility might have diminishing returns (i.e., the "wear-out" effect).
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The second effect,
, represents the risk-reduction role of advertising. Notice that
This effect has a very unique structure. First, it, obviously, depends on the risk-parameter of the individual (which determines
In the extreme case of risk-neutral consumers (i.e.,
15 Notice that since the "attribute utility" is normally distributed, the expected utility depends only on its first two moments. 16 In other words, it is usually assumed (and found in empirical studies) that the first derivative (
) is positive and the second (
On the other hand, the risk-reduction will be stronger when the consumers are more riskaverse.
Second, the risk-reduction depends on the precision of the advertising message. When [ς
as is in our estimation results) the higher ς a , the stronger the effect. The rationale of this result goes as follows: as ads become more precise they resolve the uncertainty (and the associated risk) that the consumer is facing more effectively.
Third, it depends on the familiarity of the consumer with the specific product. As the consumer knows more about the product a-priori (i.e., ς m i, j is higher), the risk-reduction effect is weaker. The intuition of this is simple: advertising provides information and thus reduces uncertainty. If the consumer is quite familiar with the product, the uncertainty (and the associated risk) that she is facing is small to begin with.
Fourth, the risk-reduction is a function of the consumer's sensitivity to products' attributes (the scale of β i ) which we interpret as the level of the consumer's involvement with the product. It is easy to show that if β i is larger (in absolute terms) ς p i, j is smaller and as a result,
is larger. The intuition of this result is the following: consumers who are highly involved with a product are facing a higher risk than those whose involvement level is low. Thus, for such consumers, the risk-reduction role of advertising is more salient.
Fifth, the risk-reduction effect depends on the diversity of products offered by a multiproduct firm. The larger the variety of products (i.e., Var(x j,t ) is large for firm j), the stronger the risk-reduction effect. It is easy to show that if Var(x j,t ) is larger, ς p i, j is smaller and as a result,
is larger. The rationale behind this result is the following: the consumer uses the multiproduct firm's profile to resolve some of the uncertainty that she is facing. The larger the variety of products, the less precise is this source of information, and, as a result, the higher the uncertainty (and the associated risk) that the consumer is facing.
To summarize: the risk-reduction role of advertising is a function of: (a) the risk preferences parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer with the product, (d) the consumer's involvement level with the product, and (e) the diversity of products offered by the multiproduct firms.
These results have various managerial implications that we discuss in Section 6. For example, the results imply that advertising effectiveness is large for new or unknown products, and for high-involvement products.
Furthermore, the unique structure of the risk-reduction effect clarifies that it is possible to empirically distinguish between it and the traditional direct effect on the utility. Specifically, unlike the risk-reduction effect, the direct effect on the utility does not depend on factors such as the familiarity of the consumer with the product, her sensitivity to product attributes (our measure of involvement), and the diversity of products offered by the firm. This allows us to distinguish between the risk-reduction effect and the direct effect, for very general specifications of the direct effect. 17 The combination of rich data and novel implications augments the identification scheme compared to previous studies. Previous efforts to distinguish between the direct and the indirect effect of advertising based their identification scheme on the differences in the familiarity across products (Shachar and Anand, 1998) or consumers (Ackerberg, 2003) . We combine the two approaches and use variation across both products and consumers. Moreover, the identification of this model is richer. It is not based only on the variation in the familiarity, but also on the involvement level of the consumer with the product, the diversity of products offered by the firm, etc.
The data
The empirical application of this model comes from the television industry. The data include product attributes, individual characteristics, individual (television viewing) choices, and individual-level exposures to advertisements (which promote television shows). The data on individual characteristics and choices were obtained from A.C. Nielsen, and the rest of the data were designed and created for the purpose of empirical analysis of advertising. We focus on viewing choices for network television during prime time, 8:00 to 10:00 PMMonday through Friday starting on November 6, 1995. There are 53 shows during this time-frame.
The advantages of this data set are: (1) previous studies demonstrate that TV viewers are uncertain about product attributes, (2) Shachar (1998 and 2001) show that ads for TV shows are informative, (3) most ads for these products are observed, since most ads for television shows appear on TV, (4) the monetary cost of viewing a show is zero, and the non-monetary cost is the same (for each individual) across shows in any period-thus, we do not face the complications due to manufacturer coupons or special offers, and (5) it is relatively easy to solve the endogeneity problem of the advertising exposure (as discussed in Section 4.4).
The data sets
The datasets are presented in the following order: product attributes, consumer characteristics, consumption choices, and exposures to advertisements.
Product (show) characteristics.
We coded the show attributes for the 53 shows in the relevant week based on prior knowledge, publications about the shows, and viewing each one of them. Following previous studies, we categorize shows based on their genre and their cast demographics. Rust and Alpert (1984) present five show categories-for example, comedies and action dramas-and show that viewers differ in their preferences over these categories. We use the following categories: situation comedies, also called "sitcoms" (31 shows fall into this category), action dramas (11 shows), and romantic dramas (7 shows). The base group includes news magazines and sports events (4 shows), which were found by previous studies to be similar. Shows were also characterized by their cast demographics. Shachar and Emerson (2000) demonstrate that the demographic match between an individual and a show's cast plays an important role in determining viewing choices. For example, younger viewers tend to watch shows with a young cast, while older viewers prefer an older cast. We use the following categories: Generation-X, if the main characters in a show are older than 18 and younger than 34 (21 shows fall into this category); Baby Boomer, if the main characters are older than 35 and younger than 50 (12 shows); Family, if the show is centered around a family (11 shows); African-American (7 shows); Female (15 shows); and Male (22 shows).
Consumer characteristics and choices (the Nielsen data).
We obtained data on individuals' viewing choices and characteristics from Nielsen Media Research. Nielsen maintains a sample of over 5,000 households nationwide. Nielsen installs a People Meter (NPM) for each television set in the household. The NPM records the channel being watched on each television set. A special remote-control records the individuals watching each TV. Thus, the viewing choices are individual-specific. While criticized occasionally by the networks, Nielsen data still provide the standard measure of ratings for both network executives and advertising agencies.
Although the NPM is calibrated for measurements each minute, the data available to us provide quarter-hour viewing decisions, measured as the channel being watched at the midpoint of each quarter-hour block. Thus, we observe viewers' choices in 40 time slots. Our data consists of viewing choices for the four major networks, ABC, CBS, NBC, and FOX. The length of the shows varies from 30 minutes to 2 hours.
This study confines itself to East coast viewers, to avoid problems arising from ABC's Monday night programming.
19 Finally, viewers who never watched television during weeknight prime time and those younger than six years of age are eliminated from the sample. From this group, we randomly selected individuals with a probability of 50 percent. This gives us a final sample of 1675 individuals. On average, at any point in time, only 25 percent of the individuals in the sample watch network television.
In addition to viewer choices, Nielsen also reports their personal characteristics. Our data includes the age and the gender of each individual, and the income, education, cable subscription and county size for each household. Table 1 defines the variables created based on this information, and presents their summary statistics.
Data on exposures to advertising.
We taped all the shows for the four networks during the relevant week, and coded the appearance of each advertisement for the television shows. For example, on Tuesday at 8:00 PM, there was an advertisement for the NBC sitcom Seinfeld (this show aired on Thursday at 9:00 PM). This information was matched with the Nielsen viewing data to determine an individual's exposure to advertisements. For example, an individual who watched NBC on Tuesday at 8:00 PM was exposed to the advertisement mentioned above. Summing over all time slots, we get the number of exposures of individual i with respect to each show in the week. In 1995, these advertisements, which are also referred to as "promos", usually included the broadcast time of the show, and clips from the actual episode. Since our Nielsen viewing data starts on Monday we cannot determine the exposure to advertisements that were aired before that day. This means that our data miss some ad exposures for the shows in the relevant week. This problem is likely to affect the exposure variable for shows which were broadcast on Monday and Tuesday, and less likely to influence those which aired on Wednesday through Friday. Thus, we allow the advertising parameters to differ across these two parts of the week.
For the Wednesday through Friday shows, the mean number of advertisements aired per show is 4.14, and the median is 4. On average, an individual who watched TV at least 30 minutes during Monday and Tuesday is exposed to 0.49 advertisements for each show on Wednesday through Friday.
Estimation and identification issues
This section consists of four subsections. The first presents the specific functional forms of the utility, and the density functions of the unobserved variables. The second constructs the likelihood function. The identification of the model's parameters is discussed in the third subsection, and the final subsection analyzes the endogeneity problem.
The functional forms
4.1.1. Utility. Attribute utility: Following previous studies we model the "attribute utility" from television show as: 
The first six terms in z i, j,t capture the match between the demographics of the viewer and the main characters in the cast, with Income i used as a proxy for the individual's race. The binary variables Sitcom j,t , ActionDrama j,t , RomanticDrama j,t describe the genre of show j, t. 20 The preferences for the show genre are allowed to depend on the individual observable (y The direct (persuasive) effect of advertising: The ρ function has the form:
where ρ 1,t = ρ 1,MT MT t + ρ 1,W F WF t , and MT t and WF t are binary variables for MondayTuesday and Wednesday-Friday respectively. 21 The parameter ρ 2,t is defined accordingly. The response to ad exposure is allowed to vary across consumers via the unobserved parameter υ ρ i . The "wear-out" effect of advertising implies that ρ 2,t < 0. The state dependence parameter: Next, we specify the structure of δ i, j,t and extend the state dependence to include another element. Specifically, we formulate the state dependence in the network utility as: x does not apply between shows). Last, δ InProgress applies to individuals who were not watching network j in the previous time slot. Since the tendency to tune into a network to watch a show that has already been running for at least 15 minutes should be lower than at the beginning of a new show, δ InProgress is expected to be negative.
Note that our data span 5 days, with 8 observations per day. The state dependence term applies to consecutive observations within each day, but is set to zero on transitions between days.
Outside utility: The parameters of the outside utility are defined as: , as well as binary variables for the individual cable subscription status Basic i , Premium i , and the binary variable Hour t equals 1 at 8:00 and 9:00 PM. Notice that the outside alternative lumps together the TV off choice with the decision to watch a non-network show. Thus, we expect the cable subscription status to affect the utility from the outside alternative. Furthermore, we include the variable Hour t in the state dependence parameter, since most non-network shows end "on the hour".
Risk aversion: We formulate the utility from the product attributes so that:
In this semi-structural formulation, the case φ = 0 corresponds to risk neutrality, and φ < 0 corresponds to risk aversion. The most natural alternative specification would be to capture risk preferences via the curvature of V (·). However, this approach is more sensitive empirically. In particular, if the functional form of z i, j,t or the distribution of ν i, j,t , ε i, j,t is misspecified, then the estimated shape of V (·) could be driven by this misspecification, rather than by the effect of posterior variance on the expected utility (which is our desired source of identification for the parameters of risk preferences). Therefore we choose to use the more robust semi-structural specification.
Furthermore, using Taylor expansion,Ṽ (µ p i, j,t , σ 2 i, j,t ) can be re-written as:
Note that under risk-neutrality
∂Ṽ ∂σ
= 0, and under risk-aversion ∂Ṽ ∂σ < 0. In preliminary stages of estimation, we experimented with different orders of Taylor approximation, and found that a simple first-order approximation works best empirically.
Density functions.
We assume that the ε i, j,t are drawn from independent and identical Weibull (i.e., independent type I extreme value) distributions. As McFadden (1973) illustrates, under these conditions the viewing choice probability is multinomial logit.
Let υ i represent all the unobserved individual specific parameters. Specifically,
Without accounting for υ i , our estimates of the parameters of the state dependence, the advertising effectiveness and the information set might be inconsistent (Heckman, 1981; Shachar and Anand, 1998) .
The density function of υ i is assumed to be discrete. Specifically, υ i = υ k with probability p k , where
for all k. This means that we allow the population to be divided into K different unobserved segments. The number of types K is determined based on various information criteria.
Finally, the density function of the individual-show match unobserved variable, ν i, j,t , is assumed to be normal − ν i, j,t ∼ N (0, σ 2 ν ).
The likelihood
The choice probability in period t is: 
Since the random terms ε i, j,t are i.i.d, the conditional probability of the entire choice sequence C i = C i,1 . . . C i,T is equal to the product of conditional choice probabilities:
where The history probability depends on the unobservables ω i , ν i , υ k . Integrating them out yields:
where F(ω,ν) is the joint c.d.f. of ω, ν, and includes all the parameters of θ as well as the segment-specific parameters υ 1 , . . . , υ K and the parameters of the density functions of ω, ν and υ. Since all the unobservables are independent across individuals, the log-likelihood is simply
where I is the number of consumers in the sample. The computation of the likelihood function involves integration over the joint distribution of the signals and the show random effects. Since numerical integration by quadrature techniques is infeasible, we resort to Monte-Carlo integration.
Identification
The identification of this model under risk neutrality is discussed at length in Anand and Shachar (2001) . Thus, we focus here on the identification of the risk parameter. Furthermore, we show how the risk-reduction effect of advertising can be distinguished from the direct effect.
The risk parameter φ is identified by many moments. This parameter multiplies σ i, j,t which is a function of all the characteristics of individuals and the attributes of shows. Indeed, these variables also affect µ Advertising increases the purchase probability of risk-averse consumers for two reasons: (1) it reduces the risk associated with the product, and (2) it directly increases the utility through the ρ function. The distinction between these two sources is based on equation (10). Specifically, while the effect through the ρ function does not depend on factors such as the consumer's familiarity with the product and involvement level, the risk-reduction effect does. For example, if the positive effect of N a i, j,t on the purchase probability is fully explained by the interaction of the risk parameter and σ 2 i, j,t , then we would detect no additional effect of N a i, j,t through the ρ function. However, if this positive effect cannot be fully explained by the risk parameter, the parameters of the ρ function would not be zero. 
The endogeneity problem
The endogeneity problem has accompanied empirical research of advertising since its inception. In individual-level data, the primary source of the problem comes from the targeting strategies of firms. Firms tend to send ads to consumers who, a priori, have a higher tendency to consume the promoted product. Thus, the tendency of consumers to purchase a product is positively correlated with their exposure to advertising even if their expected utility is not affected in any way by ads. If consumers' a priori tendencies are unobserved by the researcher, there is an endogeneity problem-an observed explanatory variable (ad exposures) is correlated with the unobservables of the model. Thus, targeting leads to a bias in the estimate of ad effectiveness.
In general, in order to resolve the endogeneity problem, one needs to endogenize N a i, j,t . Such a solution requires that the researcher model both the consumption decision and the exposure to advertising, and collect data on these two parts of the model. Our empirical application makes this difficult task easier and feasible. 23 Specifically, it is easy to show that the endogeneity of advertising in our setup is equivalent to the standard state dependence/heterogeneity problem. To see that, notice that one can rewrite the exposure to advertising in our model as: N a i, j,t = t−1 τ =1 a j,t,τ I {C i,τ = j}, where a j,t,τ is a binary variable equal to 1 if an ad for a show on network j at time t was aired in time slot τ . Notice that a j,t,τ is not individual specific, and what makes the ad exposure, N a i, j,t , individual specific are her viewing choices. Thus, in a sense, the ad exposure variable is a stock of some of the previous viewing choices. This is equivalent to the definition of state dependence (see, for example, pp. 139-140 in Heckman, 1981) . This means that the solution to the endogeneity of advertising in our setup is the same as the solution to the state dependence challenge in general discrete panel data models-it rests on properly accounting for the unobserved heterogeneity parameters. The advantage of our dataset is that the consumption decision also determines the exposure to advertising. Thus, within the same framework and dataset, we model both the consumption decision and the exposure to advertising.
Monte Carlo experiments support the suggested solution for the endogeneity problem in our setup. Specifically, we find that the estimation procedure identifies correctly the number of segments in the population and, as a result, the estimates of advertising effectiveness are consistent.
22 Thus, the direct effect on the utility can be also considered as a residual (i.e., the excess effect of advertising on choices that is not captured by the other elements of the model). 23 Previous studies of advertising that used individual level data (other than Shachar and Anand, 1998; Anand and Shachar, 2001) have not endogenized the exposure to advertising variable.
The results
We estimate various specifications of the model. We refer to the specification presented in the previous sections as the "baseline model" and denote it in the tables as Model I. In Model II we impose risk-neutrality (φ = 0). The differences between the estimates of Models I and II demonstrate that ignoring the risk-reduction role of advertising might lead to misleading managerial implications. The estimates of the other models (Models III-VIII) show that our results are robust to various specifications of the model.
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As discussed above, the risk-reduction role of advertising stems from (a) consumers' uncertainty (i.e, (ς m i, j ) −1 > 0), (b) consumers' risk-aversion (i.e., φ < 0) and (3) the informative content of advertising (i.e, ς a > 0). In all the specifications the risk-reduction role of advertising is supported by the data (i.e., ( ς m i, j ) −1 > 0,φ < 0, and ς a > 0). The estimates of the other parameters are specific to the television example, and therefore are of less interest. However, we briefly report them as well (for the baseline specification only), as a reality check on the model.
The estimates are presented in Tables 2 to 9 . 25 The number of latent segments was determined by minimizing the BIC (Bayes Information Criterion). For the baseline model, the BIC was minimized at 3 segments. Segments' sizes are 0.23, 0.27 and 0.50. Table 2 ): The β estimates are consistent with the findings of previous studies. Viewers prefer shows whose cast demographics are similar to their own. Viewers differ in both observed and unobserved ways in their taste for particular show genres. For example, the utility from sitcoms decreases with age.
Estimates

Utility parameters. Show attributes (βs and νs:
State dependence parameters (δ: Table 3 ): As in previous studies, state dependence between shows is an important factor. The estimates of υ δ i range from 1.53 to 2.32. There is obviously also state-dependence during a show. The state dependence during a show depends on the show type. It is weaker for the News magazines and Sports shows than for the other show categories (δ News,Sports = −0.51, δ Sitcom = 0.00, δ AD = 0.14, δ R D = 0.15). This could be explained by lack of a continuous script and plot in news magazines and sports shows. 26 Most of the demographic variables are insignificant, except for δ Female = 0.13. 24 The estimation was done in Gauss. All the computationally-intensive parts of the model were written in C and packaged into a DLL (dynamic link library) accessible from Gauss. Since the simulator we use is smooth, standard gradient-based optimization methods can be used. Hajivassiliou (1997) suggests increasing the number of simulation draws R until the expectation of the score function is zero atˆ M SL . In our case this is achieved at R = 400. Each iteration takes about 10 minutes on a Pentium-IV 2.8 GHz computer. 25 The standard errors were computed from the inverse of the information matrix, thus they ignore the additional error induced by the simulation noise. 26 Compared with the state dependence between shows, the state dependence during a show is weaker for News and Sports shows and stronger for both types of drama. However, this does not imply that the viewing persistence during News and Sports shows is lower than the persistence between shows. Note that other elements of the model (e.g. show random effects) also generate persistence in choices during the show, but not between shows, thus the total persistence in choices during News and Sports shows is higher than between show. Finally, the viewers do not like switching into the middle of another show (δ InProgress = −0.36).
Preference for the outside option (γ : Table 4):
The utility from the outside alternative decreases with age and income. It is the lowest for viewers who do not have a cable connection, and the highest for those who have a premium subscription. Recall that the outside option lumps together two alternatives: TV off and non-network channels. All the other demographic variables do not have a significant effect on the utility from the outside alternative.
The outside alternative is also characterized by substantial state-dependence. The estimate of υ δ i + δ Out ranges from 1.82 to 2.62. As expected, the state-dependence in the outside alternative declines "on the hour" (δ Hour = −0.43), when many non-network channels start airing new shows.
Fixed and random effects (η, α and σ ν : Tables 5 and 6): Table 5 presents the fixed effects for each show. We observe substantial differences in these parameters. The estimates range from −1.10 for Dateline NBC (Friday) to 2.59 for the X-Files. Table 6 presents the distribution parameters of the random individual-network effects. There is a large heterogeneity in these parameters. For example, the second and the third Table 5 . Show-specific fixed effects. 
Note: we set the random effect parameters for the first segment at zero, because we estimate all the fixed effects of shows. Standard errors are in parentheses.
segments like FOX less than other networks, and the third segment prefers CBS over other networks.
In addition, we find a significant show random effect (σ ν = 0.59, s.e. = 0.09). Recall that the α-s capture the unobserved individual-network match, while σ ν captures the unobserved individual-show match.
The direct effect parameters (ρ: Table 9a , Model I): The estimated direct effect is close to zero for all three segments. It is positive for the second and third segments, and negative for the first segment. Although the coefficients are statistically significant, we show in Section 5.2 that the direct effect of advertising is behaviorally negligible. Tables 7 and 8 ). In our model, the individual obtains information from the brand images of the firms, µ i, j , and from three kinds of unbiased noisy signals. While the precision of the brand image, ς p i, j , is determined by the variance of attribute utility, the precisions of the signals are free parameters in estimation.
Information set parameters (ς:
The key parameter of interest is the precision of the advertising signals (Table 8 , Model I). The estimate of √ ς a is 1.55, with a standard error of 0.18, implying that advertising content is informative and that consumers update their expectation based on the information in the 
Model VII -a richer parametric specification of the persuasive effect:
Model VIII -the persuasive effect is specified as:
Standard errors are in parentheses.
ads. 27 The informative content of ads is one of the building-blocks in the risk-reduction role of advertising. The impact of this effect is discussed in Section 5.2.
The estimate of √ ς e is 3.15, with a standard error of 0.43. Thus, the experience signals are informative. Furthermore, as one might expect, the information acquired after watching any 15 minutes of the show is more precise than the information from one ad. Specifically, the information acquired from two ads is slightly less than the information acquired after watching any 15 minutes of the show. The precision of the miscellaneous signals differs across segments and networks ( Table 7 ). The point estimates of ς m i, j range from 1.77 for FOX in the first segment, and up to 3.39 for ABC in the third segment. On average, the network with the best known shows is ABC, and the networks with the least known programs are CBS and FOX (Table 8 , Model I). These estimates are sensible for the following reasons. The degree of familiarity with a network should be an increasing function of (a) the ratings of its shows and (b) the "age" of its shows (i.e., the number of seasons that the shows were on the air). Even though NBC enjoyed the highest average rating during the fall season of 1995 (followed by ABC in second place), it was only third in the "ratings race" during the 1994 season (behind ABC and CBS). Moreover, while several of NBC's highest rated shows in 1995 were in their first year of airing, the successful ABC shows were veterans. Thus, the finding that the network with the best known shows is ABC seems reasonable. The lowς m i, j for CBS and FOX are not surprising as well-their average rating lagged that of the other networks, and CBS had additionally introduced many new shows in the fall of 1995.
A test of the uncertainty assumption. We have also estimated a model with the following restriction (ς m i, j ) −1 = 0 for all i, j. This model assumes that consumers are fully informed about product attributes. The perfect information hypothesis is easily rejected by the likelihood ratio test (the statistical χ 2 is 447.8, and the critical, at the one percent level, is 26.2). Consumers' uncertainty about products' attributes is another building-block in the risk-reduction role of advertising.
Risk aversion parameter (φ: Table 8, Model I).
The estimate of the risk-aversion parameter φ is negative and significant both behaviorally and statistically (φ = −15.84, with a standard error of 2.42), implying that consumers are clearly risk-averse. Consumers' risk aversion is the final building-block in the risk-reduction role of advertising. Next, we examine the risk-reduction effect.
The risk reduction role of advertising (empirical)
The results show that in our data (a) consumers are uncertain about products' attributes (i.e., ( ς m i, j ) −1 > 0), (b) they are risk-averse (i.e.,φ < 0) and (3) the ad content is informative (i.e., ς a > 0). In our model these findings imply that advertising has a risk-reduction role. In other words, exposure to advertising increases consumers' tendency to purchase the promoted product because advertising provides information that resolves some of the uncertainty that the risk-averse consumers face and thus reduces the risk associated with the promoted product.
The following exercise assesses the magnitude of this risk-reduction effect. First, we set the persuasive effect of ads to zero for all the shows (in order to isolate the risk-reduction effect). Then, for each show on each network, we expose the individuals in our data to 0, 1, 2 or 3 ads, and compute the predicted market share of that show. 28 The average increase in the market share is 2.7 percentage points (an increase of 53.3%) after the first exposure, 5.4 percentage points (108.4%) after 2 exposures (compared to 0 exposures), and 8.0 percentage points (162.3%) after 3 advertising exposures.
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Our model allows advertising to affect choices also directly via the ρ function. It is interesting to compare the effectiveness of advertising through the risk-reduction channel with the standard effect of advertising via the ρ function. Thus, we repeat the above exercise in order to assess the magnitude of the direct effect. Specifically, for each show on each network, we set the ad exposure to 0, 1, 2 or 3 in the direct effect, but retain the original ad exposure in the risk-reduction effect. This procedure allows us to measure the magnitude of the direct effect separately from the risk-reduction effect. On average, the predicted market share of a show increases by just 0.08 percentage points (1.5%) after the first exposure, and by 0.18 percentage points (3.1%) after 2 or 3 advertising exposures (compared to 0 exposures).
This means that in our data, not only that the risk-reduction effect is strong and significant, but it is also much more important than the standard effect of advertising. In other words, the direct effect of advertising is much smaller than the indirect effect, and it is negligible behaviorally. Note that the direct effect is identified as a reduced-form residual effect of ad exposures on choices, after controlling for risk-reduction. This residual effect could actually be capturing various other effects of ads. However, our finding that the direct effect of ads is negligible resolves this interpretation problem in our data, and suggests that the structure of our model is rich enough to capture consumer behavior.
The conclusion from these findings is that in our data advertising has a negligible direct effect on the utility. In other words, exposure to advertising does not change the preferences of consumers. The positive effect of advertising on the purchase probability, which is usually interpreted as an indication for the persuasive power of advertising, is actually due to the risk-reduction effect of ads. We discuss the welfare implications of this result in the concluding section. 28 We hold the ad exposures for all the other shows fixed at their actual levels. For each show and number of exposures, we simulate 100 choice sequences for every individual to compute the market share of the show. We repeat this procedure for every show on Wednesday, Thursday and Friday, from 0 to 3 advertising exposures. 29 Note that on average, each ad aired by the networks for Wednesday-Friday shows generates just 0.08 advertising exposures, thus the high advertising effectiveness per exposure is quite plausible. When we conduct a related experiment in which we air an additional ad (with exposures determined by viewing choices), the average increase in the market share is just 0.19 percentage points (an increase of 3.9%). Notice that since at the individual level both the risk-reduction effect and the direct effect depend on the number of advertising exposures, it's more natural to express all the behavioral implications of the model in terms of exposures, as opposed to ads aired.
It is worth noting that Erdem and Keane (1996) , who also found that advertising content is informative and consumers are risk-averse, did not allow advertising to have a direct effect on the utility. Thus, the only channel through which ad exposure can have a positive effect on the purchase probability in their model is the risk-reduction effect. Our model includes both avenues (risk-reduction and direct effect). This has two benefits: (a) the finding that advertising has a risk-reduction effect is not due to mis-specification of the utility, and (b) we can conclude that there is no evidence for the direct effect of advertising. 
The implications of risk-reduction
The risk-reduction role of advertising has various implications. For example, unlike the traditional models (which only include the direct effect), our model suggests that the effectiveness of advertising depends on the familiarity of consumers with the promoted products. Indeed, this implication is shared with other models of informative advertising. However, other implications are quite unique. For example, our model suggests that advertising effectiveness should be higher for the high-involvement consumers than for the low-involvement consumers. Here, we demonstrate this implication and in the concluding section we discuss its managerial consequences.
In order to illustrate this effect, we need to construct a measure of consumers' involvement. Our measure of involvement for consumer i is Involvement i . This variable is equal
, where P k i is the posterior probability that i is of segment k, and β k i is her taste parameter in that case. 31 The variance is computed over all networks and timeslots. Thus, this measure captures how much the individual cares (in terms of attribute utility) about the differences between the products she is facing. Individuals with high βs (in absolute terms) are more sensitive to products attributes. For them Involvement i would be relatively high.
We illustrate the effect of involvement on advertising effectiveness by the following experiment. We split all the individuals into 3 groups of equal size according to their Involvement i . For each group, we simulate the predicted market share for each show, with 0 and 1 ad exposures. 32 On average, exposure to 1 ad increases the market share by 2.47 percentage points for the lowest-involvement group, by 2.52 percentage points for the next group, and by 3.22 percentage points for the highest-involvement group. 33 Thus, our estimates suggest that the advertising effectiveness is substantially higher for 30 Furthermore, EK did not account for the endogeneity of the ad exposure variables, and, as discussed in Anand and Shachar (2001) , their identification rests entirely on the structure that the model imposes on the variancecovariance matrix of the random components. Our observable characteristics introduce additional identifying moments and are likely to improve the robustness of the results. Note that the focus of EK is not on advertising effectiveness, and thus their findings on the role of advertising are not central in their study. 31 Recall that β i varies both with the segments and with demographics y i . 32 For each show and number of exposures, we simulate 100 choice sequences (using posterior segment probabilities) for all the individuals to compute the market share of the show. The ad exposures for all the other shows are set to zero. The direct effect is set to zero. 33 The difference between the highest-involvement group and the medium-involvement group is significant at 1%.
the high-involvement individuals, and reinforce the importance of proper targeting of ads. 34
A comparison to the standard advertising model
The risk-reduction effect has been ignored in the standard advertising model. Our findings indicate that the standard model of advertising is mis-specified. Such mis-specification might lead to inconsistent estimates and misleading implications. Here, we illustrate these consequences of mis-specification. For this purpose we re-estimate the model without the risk-reduction effect by imposing risk-neutrality (φ = 0, Tables 8 and 9a , Model II). In this case, the estimated direct effect of ads is positive and highly significant. We repeat the same experiment to measure the magnitude of the direct effect in the risk-neutral model. On average, the direct effect of ads increases the predicted market share of a show by 2.6 percentage points (50.2%) after 1 exposure, by 6.0 percentage points (115.9%) after 2 exposures, and by 10.0 percentage points (194.0%) after 3 advertising exposures.
This means that when the risk-reduction is ignored, we find, like previous studies of advertising, that ads have a strong direct effect on the utility. This finding is an immediate result of the mis-specification of the model. In other words, it is likely that the findings of previous studies that ads are persuasive are misleading.
Furthermore, by ignoring the risk-reduction effect and attributing the positive correlation between ad exposure and the tendency to consume the promoted product to the direct effect, previous studies fail to identify and realize the richness of advertising effectiveness. An important ingredient in any advertising strategy is to identify the consumers and products for which ads are especially effective. The standard advertising model does not account for the variation in ad effectiveness as a result of variation in (a) the involvement level, (b) the diversity of products offered by the firms, (c) the risk parameter, (d) the precision of ads' signals, (e) the familiarity of consumers with products. 34 In the working paper version of this study, we conduct a similar exercise with respect to the familiarity level (instead of the involvement level) and find that ad effectiveness is a decreasing function of familiarity. 35 Note that while the standard model does not account for the effect of familiarity on the effectiveness of advertising, informative advertising models do. Table 10 illustrates the differences between the implications of the standard model and the risk-reduction model. It compares the predicted ad effectiveness between the two models. We find that the standard model overstates the average advertising effectiveness for ABC and NBC (2.5 percentage points versus 1.8, and 3.1 versus 2.8), and understates advertising effectiveness for CBS and FOX (1.8 versus 2.4, and 2.6 versus 3.3). 36 Note that this direction of bias in the standard model is consistent with the findings in Section 5.2, that ABC and NBC are the best-known networks while CBS and FOX are the least-known. Furthermore, for some shows the predictions of the standard model display a very substantial bias (for example, 1.5 versus 4.1 percentage points per exposure for FOX's show "Strange Luck" ). Thus, in our empirical setting, the advertising strategy prescribed by the standard model is likely to be quite different quantitatively from the optimal strategy.
A comparison to the signaling models of advertising
In some aspects the signaling theory of advertising is closer to our approach than the standard model of advertising. Both theories suggests that exposure to ads can increase the tendency to purchase the promoted product even if the utility is not a function of ads. Furthermore, both imply that ad effectiveness is a decreasing function of consumers' knowledge about the promoted product.
However, as we discuss above, the implications of the risk-reduction model (and thus the identification of the model) are richer than those of the signaling theory. Specifically, ad effectiveness in the risk-reduction model is determined by both familiarity (like in signaling) and other factors (specific to the risk-reduction model).
While the standard model of advertising is nested in our model, the signaling theory of advertising is not. We have not integrated the signaling approach into our model for various reasons. The main reason is that the risk-reduction model and the signaling theory focus on different types of products and ads. While the first applies to search goods, the second is relevant for experience goods. (An individual can know her utility from a search good, but not from an experience good, even without consuming it. See Tirole, 1988, p. 106) . For search goods, ads content can credibly convey information on products' attributes (i.e., "this automobile has 200 horse powers" ). However, for experience goods, experience is required in order to acquire information about the utility, and ads content cannot credibly convey information on product quality. Thus, according to Nelson (1974) , ad intensity (not ad content) serves as a credible signal about the quality of the product. This means that the two models deal with different types of products and different types of ads. Moreover, the following exercise suggests that the signaling theory is probably not relevant for our empirical example.
According to the signaling model, ad intensity should be an increasing function of product's quality. In our setup the parameter η j,t captures the quality attribute of a product. Thus, the correlation between η j,t and the total number of ads aired during the week for each show can serve as a preliminary test of the signaling hypothesis. It turns out that the correlation is negative when all the networks are pooled together, and it is negative for 3 networks out of 4 (see Figure 1) . 37 This result is robust to various specifications of the model (and thus estimates of η j,t ). Thus, high advertising intensity is not used to signal high quality to rational consumers, ruling out the signaling role of advertising in our data. 38
Robustness check
We estimate several alternative model specifications to verify the robustness of our results (Tables 8 and 9a -9d). The specific functional forms for these specifications are presented in the notes to Table 8 .
Model III. First, we disable the experience signals (set ς e = 0) and re-estimate the model. Since the exposure to experience signals is correlated with the unobservables in preferences, the estimate of φ (which determines the effect of experience signals on future choices) is likely to be biased if the unobserved heterogeneity in the model is misspecified. The point estimate of φ is −15.86 with a s.e. of 4.46, vs −15.84 (s.e. = 2.42) in the baseline. The other parameters are also very similar to the baseline estimates, thus we have no evidence for misspecification of unobserved heterogeneity. Model IV. Next, we estimate the risk parameter without relying on advertising. We set √ ς a = 0, υ ρ k = 0 (for all k) and re-estimate the model. Since we have variation (across networks and individuals) in the precision of networks' profiles and exposures to experience signals, the risk parameter is still identified. The estimate of φ is −15.75 (s.e. = 2.34), very similar to the baseline estimate. 37 We focus on Wednesday-Friday shows only, to avoid the measurement problem at the beginning of the week. 38 Moreover, the negative correlations for ABC, CBS and FOX suggest that the networks air more ads to support their lower-quality shows. Thus, if the consumers were using the inference mechanism underlying the signaling effect, they would avoid the heavily-advertised (and hence low-quality) shows. Model V. Next, we allow the risk parameter to differ across segments in the baseline specification. The estimates of φ k range from −15.03 to −17.05, and the other estimates are very similar to the baseline, giving a further indication of stability of our estimates.
Finally, we verify that our findings are robust to the functional form of the persuasive effect. To facilitate comparison across different specifications, we assess the magnitudes of the risk-reduction effect and the persuasive effect for each model by measuring the change in market share as a result of exposure to 1, 2 and 3 ads.
First, we estimate a non-parametric specification (Model VI). The risk-reduction effect and the persuasive effect in the non-parametric specification are similar in magnitude to the baseline. Next, we adopt a more flexible parametric specification for the persuasive effect, and allow the coefficients to depend on the demographic variables (Model VII). The demographic coefficients turn out to be insignificant, and the magnitudes of the two effects are close to the baseline. Since an average viewer is not exposed to any ads for over 75% of the shows, we also estimate a specification which only distinguishes between non-exposure and exposure to any positive number of ads in the persuasive effect (Model VIII). Again, the results are similar to the baseline. Finally, we get similar results on the importance of the risk-reduction effect vis-a-vis the direct effect of ads in Models III and V. Recall that these models use the baseline specification of the persuasive effect but modify other elements of the model. 39, 40 39 We've also tried an alternative semi-structural specification of risk preferencesṼ (µ p i, j,t , σ 2 i, j,t ) = µ p i, j,t + φσ 2 i, j,t . That is, we replaced the standard deviation of the posterior with the variance. The likelihood is substantially worse than in the baseline, but we still find strong risk-aversion and negligible persuasive effect. 40 We have also tried to extend the information structure of the model in the following way. Instead of observing the true value of the show-individual random effect ν i, j,t , the individuals try to infer it from the prior distribution, a miscellaneous signal, experience signals and advertising signals (all these additional signals are orthogonal to the original signals from the baseline specification). Otherwise the model is similar to the baseline. Thus, the model includes learning of both product characteristics observable to the researcher (as in the baseline) and show-individual unobservables. We cannot reject the null of perfect information about ν i, j,t (i.e. the baseline specification) at the 5% level, and the estimates of the direct effect and the risk-reduction effect are close to the baseline estimates. 
Conclusion and managerial implications
This study shows theoretically and empirically that exposure to advertising increases consumers' tendency to purchase the promoted product because the informative content of advertising resolves some of the uncertainty that the risk-averse consumers face and thus reduces the risk associated with the product. Our model implies that advertising effectiveness depends on (a) the risk preference parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer with the product, (d) the consumer's involvement level with the product, and (e) the diversity of products offered by multiproduct firms.
These findings have significant managerial implications. Advertising strategies are determined based on ad effectiveness. Specifically, two of the most important decisions of ad agencies depend on ad effectiveness-ads spending and audience targeting. Our model suggests that ads spending should be higher (a) for new and relatively unknown products, (b) for high-involvement products, (c) when ads can be quite precise, and (d) when the firm offers a diverse product-line. It can also assist targeting strategies. Ads should target consumers (a) who are more sensitive to risk-for example, women versus men (see Palsson, 1996; Jianakoplos and Bernasek, 1998), (b) who are more sensitive to products' attributes (and thus more involved), and (c) those who are not familiar with the promoted product.
The empirical result, that advertising has a significant risk-reduction role but negligible direct effect on the utility, might be important for models of advertising competition. Currently, most such models assume that advertising has a direct (persuasive) effect on consumers' utility.
However, the empirical result, that advertising has a significant risk-reduction role but negligible direct effect on the utility, might be specific to our data set and the empirical example (where the products are television shows and ads are promos for these shows). The generalizability of this result should be examined by estimating the risk-reduction model with additional data sets. Furthermore, the model can be examined empirically also by directly testing its implication. Previous studies have already established the dependence of advertising effectiveness on consumers' familiarity with products. Furthermore, experimental studies (e.g. Miniard et al., 1991) found that the impact of ads containing productrelevant information is stronger for the high-involvement consumers. The predictions of the risk-reduction model are consistent with these findings, and offer a new explanation for them.
The welfare implications of the model are quite straightforward. The positive correlation between exposure to advertising and consumption was established long ago. This empirical regularity disturbed scholars (Galbraith, 1958 (Galbraith, , 1967 Packard, 1957 Packard, , 1969 Telser, 1964; Stiglitz, 1989 ) for a while. The main reason for the concern was the potential persuasive power of advertising. It was interpreted as if consumers can be manipulated by ads. Advertising was accused of creating wants, distorting tastes and persuading consumers to buy products that they do not need. Our findings calm these concerns a bit, since (at least in our empirical example) advertising does not have a direct effect on consumers' utility. Furthermore, instead of having these negative aspects, advertising in our model informs consumers about product attributes and as a result reduces the undesirable tension that is associated with uncertainty. Furthermore, its role according to the risk-reduction model might be limited. For example, unlike the standard full-information approach, our model predicts that advertising can hardly increase the sales of a well-known product.
Finally, our findings about the significant risk parameter might be relevant for choice models in general (not only for advertising models). Imperfect information is included in recent empirical studies more often than in the past. However, many of these studies (obviously not all of them) still assume that consumers are risk-neutral. This assumption is probably ungrounded. Furthermore, this study demonstrates that by accounting for consumers' risk aversion, one can avoid inconsistent estimates and misleading implications.
